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Abstract—Ground-to-air (GA) communication using un-
manned aerial vehicles (UAVs) has gained popularity in recent
years and is expected to be part of 5G networks and beyond.
However, the GA links are susceptible to frequent blockages at
millimeter wave (mmWave) frequencies. During a link blockage,
the channel information cannot be obtained reliably. In this work,
we provide a novel method of channel prediction during the
GA link blockage at 28 GHz. In our approach, the multipath
components (MPCs) along the UAV flight trajectory are arranged
into independent path bins based on the minimum Euclidean
distance among the channel parameters of the MPCs. After the
arrangement, the channel parameters of the MPCs in individual
path bins are forecasted during the blockage. An autoregressive
model is used for forecasting. The results obtained from ray
tracing simulations indicate a close match between the actual
and the predicted mmWave channel.
Index Terms—Autoregressive model, blockage, Euclidean dis-
tance, ground-to-air (GA), mmWave, MPC, prediction, UAV.
I. INTRODUCTION
The use of civilian unmanned aerial vehicles (UAVs) for
everyday applications have seen a surge in recent years such
as surveillance, video recording, search and rescue, and hot
spot communications. However, the UAV ground-to-air (GA)
communication links are susceptible to blockages due to high
rise buildings or trees. These blockages are significant at mil-
limeter wave (mmWave) frequencies compared to sub-6 GHz
frequencies. While there are existing studies in the literature on
the characteristics of mmWave air-to-ground (AG) propagation
channels [1]–[3], there are limited studies available for channel
prediction during link blockages for aerial platforms.
The prediction of mmWave channel parameters and char-
acteristics are carried out using machine learning (ML) tech-
niques in [4]–[6]; however, AG propagation scenarios have not
been taken into account. Challenges for ML-based prediction
approaches include large training data requirement and high
complexity. In [7], the blockage patterns are learned using a
stochastic approach for mmWave robust beamformed system.
In [8], sub-6 GHz frequency signals are used as early warning
indicators of mobile signal blockage at mmWave frequencies.
In [9], the delay spread and angle of arrival (AoA) of multipath
components (MPCs) are predicted using a geo-propagation
model for high altitude aerial platforms. An algorithm to learn
and estimate the UAV AG channel from measurement samples
is proposed in [10]. In [11], the blockage behavior of buildings
at different heights of the UAV air-to-air communication
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Fig. 1. The UAV GA propagation scenario with blockage.
links are studied. However, simultaneous prediction of all
the channel parameters of MPCs based on limited previous
channel information, including the prediction of the death of
a MPC, is not available in the literature for AG/GA channels
to the best of our knowledge.
In this work, we have introduced a novel channel prediction
method for GA communication links. The GA propagation
scenario for our work is shown in Fig. 1. Our approach can
be divided into two parts. In the first part, an Euclidean
distance (ED) based algorithm is used, which arranges the
MPCs obtained along the UAV trajectory into individual path
bins. The arrangement is based on a minimum ED among the
channel parameters of the MPCs, and it results in a trend of
individual channel parameters of MPCs in a path bin. In the
second part, the trend of individual channel parameters in a
path bin is used to forecast the channel parameters during
the blockage. The forecasting is performed using an auto-
regressive (AR) model. The simulations are carried out using
the Wireless InSite ray tracing software. The results indicate
that the actual and the forecasted channel parameters are close.
A distance-based prediction for the death of a path bin along
the UAV trajectory is also provided.
In the relevant literature, a training phase is required in [12],
whereas, 2D and 3D data in the form of maps are used in [10]
and [13], respectively, and all the measurement data is required
in [9], [14], [15] for channel prediction. Overall, requiring a
large amount of data for the prediction of specific channel
parameters. Comparing our approach with the literature reveals
certain unique aspects of our work that are not explored in
the literature: 1) we use limited past channel data obtained
during the UAV flight for channel prediction, without any
training stage; 2) our approach can simultaneously predict all
the channel parameters of the MPCs along the UAV trajectory,
including the likelihood of death for a MPC.
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2II. SYSTEM MODEL
We consider a GA propagation scenario shown in Fig. 1.
The transmitter (TX) is on the ground and the receiver (RX)
is on the UAV. The height of the TX and RX above the
ground is hT and hR, respectively. The received MPCs in
Fig. 1 are categorized as: i) line-of-sight (LOS), ii) ground
reflected component (GRC), and iii) reflected and/or diffracted
from scatterers. Each MPC has six channel parameters. Two
channel parameters in the temporal domain and four in the
spatial domain given in (1).
A. Euclidean Distance of MPCs’ Channel Parameters
Let H(n) represent the time-varying channel impulse re-
sponse of the system. Then, we may write
∣∣H(n)∣∣2 = M∑
m=1
∣∣αm(n)∣∣2δ(n− τm(n))δ( #»Θ(TX) − θ(TX)m )
δ
(
#»
Φ(TX) − φ(TX)m
)
δ
(
#»
Θ(RX) − θ(RX)m
)
δ
(
#»
Φ(RX) − φ(RX)m
)
, (1)
where n is the time instance, M is the total number of MPCs,
αm(n), τm(n) represents the complex amplitude and delay of
the mth MPC, respectively,
#»
Θ(TX),
#»
Φ(TX) are the angle of
departure (AoD) vectors in the elevation and azimuth planes,
respectively,
#»
Θ(RX),
#»
Φ(RX) are AoA vectors in the elevation
and azimuth planes, respectively, and the AoD and AoA of the
mth MPC in the elevation and azimuth planes respectively, are
represented as θ(TX)m , φ
(TX)
m , θ
(RX)
m , φ
(RX)
m .
From (1), if PT is the transmitted power, the total received
power PR at a RX position is given as
PR =
PTλ
2
(4pi)2
[
G(TX)
(
θ1, φ1
)
G(RX)
(
θ1, φ1
)
R21
+ (2)∑S
s=0
∑Ms
m=1G
(TX)
(
θs,m, φs,m
)
G(RX)
(
θs,m, φs,m
)
Γs,m
R2s,m
]
,
where the first term is for the LOS and the second term
represents the MPCs from scatterers, λ is the wavelength,
G(TX)
(
θ, φ
)
and G(RX)
(
θ, φ
)
are the antenna gains at the TX
and RX, respectively, at elevation angle θ and azimuth angle
φ, Γs,m is the reflection coefficient, and Rs,m is the total
distance traveled by the mth MPC due to interaction with the
sth scatterer, and the distance of the LOS path is represented
as R1. Moreover, the total number of scatterers are S and the
total number of MPCs due to a scatterer is represented as Ms.
From Fig. 1, the RX positions along the UAV trajectory
are labeled as j = 1, 2, ..., N . At a jth RX position and mth
MPC, a MPC vector represented as
#    »
MCj,m is given by:
#    »
MCj,m =
[
αj,m, τj,m, θ
(TX)
j,m , φ
(TX)
j,m , θ
(RX)
j,m , φ
(RX)
j,m
]
. (3)
The MPCs till the (j − 1)th RX position can be stacked in a
matrix as follows:
#    »
MC1,1
#    »
MC1,2
#    »
MC1,3 · · · #    »MC1,M1
#    »
MC2,1
#    »
MC2,2
#    »
MC2,3 · · · #    »MC2,M2
...
...
... · · ·
...
#    »
MCj−1,1
#    »
MCj−1,2
#    »
MCj−1,3 · · · #    »MCj−1,Mj−1
 .
The above matrix is used to calculate the ED of a MPC at
jth RX position with the MPCs at RX positions [j − 1, j −
2, . . . , 1]. However, the number of previous RX positions for
Algorithm 1 Arrangement of MPCs into path bins.
1: procedure PATHBINS
2: Initialize each path bin with the MPC at first RX position
3: % At the jth RX position and from (4) and (5), the ED is
4: for m = 1 : Mj do % MPCs at jth RX position
5: for i = j − 1 : 1 do % previous
6: for k = 1 : Mi do % MPCs at previous
7: Calculate d(j,m, i, k)
8: end for
9: end for
10: dmin(m) = min∀i,k
d
11: if dmin(m) <  then
12: for l = 1:Number of path bins do
13: (i) Select min(dl), and,
14: (ii) add the mth MPC at jth RX position to lth
15: path bin. % MPCs placement in a path bin
16: end for
17: end if
18: if dmin(m) >  then
19: (i) Birth of a new MPC and a path bin, and,
20: (ii) temporary discontinuation of a path bin
21: end if
22: end for
23: if Mj < Mj−1 then
24: (i) Death of a MPC, and,
25: (ii) temporary discontinuation of corresponding path bin
26: end if
27: return path bins
28: end procedure
ED calculation can be varied to reduce the channel data. The
ED between the channel parameters of the mth MPC at jth
RX position and the channel parameters of kth MPC at ith
RX position, where i = j − 1, j − 2, . . . , 1, is given by:
d(v)(j,m, i, k) = Euclidean
(
#    »
MCj,m(v),
#    »
MCi,k(v)
)
, (4)
where v = 1, 2, ..., 6 refers to the six channel parameters of
a MPC as in (3). The total ED of the mth MPC at jth RX
position, from the kth MPC at ith RX position is given by
d(j,m, i, k) =
1
γ
6∑
v=1
d(v)(j,m, i, k) , (5)
where γ is the normalizing factor.
B. Channel Prediction Algorithms
The pseudocode for arranging the MPCs in path bins is
shown in Algorithm 1, where two minimum ED conditions are
used for a MPC to be placed in a path bin. The first condition
takes the distance of the mth MPC at a jth RX position with
the MPCs at previous RX positions. The distance is calculated
among individual channel parameters of MPCs represented
from d(1) to d(6) in (4). The distance of individual channel
parameters are added and normalized by γ to get d in (5). In
Algorithm 1, the minimum value of d for the mth MPC is
compared with the threshold , given as dmin(m) < . If this
condition is true, the MPC is selected and a second minimum
distance condition is applied. In the second condition, min(dl)
is used, where dl is the ED of selected MPC with the existing
MPCs in the lth path bin. This condition selects the lth path
bin, where the MPC will be placed.
From Algorithm 1, if dmin(m) > , the similarity criteria
for the mth MPC with any of the MPCs at previous RX
3RX1 RX2 RX3 RXN
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Fig. 2. A Markov chain model based on the minimum ED.
Algorithm 2 Forecasting of the channel parameters in path
bins during blockage.
1: procedure FORECASTING(path bins)
2: Let
#    »
MCpb1 represent the MPCs in the first path bin
#  »PB1, and
pb1 = 1, 2, ...,Mpb1 , where Mpb1 is the total number of MPCs
in
#  »PB1 over all the
3: The six channel parameters of the MPCs in
#  »PB1 from (3) are
represented as
#    »
MCpb1(v), v = 1, 2, ..., 6
4: Fit an nth order AR model to a channel parameter
#    »
MCpb1(v)
obtained over RX positions as
5: SAR = AR
(
#    »
MCpb1(v), n
)
6: If K(fc) are the number of points to be forecasted, then the
forecasted data
#    »
MC(fc)pb1 (v), based on system model SAR and past
data
#    »
MCpb1(v) is
7:
#    »
MC(fc)pb1 (v) = forecast
(
SAR,
#    »
MCpb1(v), K
(fc)
)
8: return
#    »
MC(fc)pb1 (v)
9: end procedure
positions is not met. Therefore, this MPC is considered a new
MPC (birth), and a new path bin is created for it. Moreover,
if the number of MPCs at jth RX position is less than the
(j − 1)th position, this indicates the death of a MPC. In both
the above conditions, one of the existing path bins will be
discontinued. This discontinuation can be temporary as these
path bins can continue (resurrect) at a later part of the UAV
trajectory. The value of γ in (5) and  in Algorithm 1 is 75.8
and 0.15, respectively.
From Algorithm 1, the transition of MPCs along the RX
positions based on ED in a path bin can be modeled using
a Markov chain. A transition likelihood scenario based on
the Markov chain for the first MPC at the third RX position
is shown in Fig. 2. The state of a Markov chain at jth RX
position and mth MPC is represented as Sj,m. The transition
among the states is dependent on the minimum ED. The
minimum transition distance in Fig. 2 will determine which
path bin the first MPC at the third RX position will occupy.
Therefore, an lth path bin from Algorithm 1 is represented as
a sequence of selected Markov states along the RX positions.
After placement of MPCs with similar channel characteris-
tics in path bins, a trend of individual channel parameters along
the UAV trajectory is observed. The trend of a channel param-
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Fig. 3. 28 GHz simulation scenario in Wireless InSite ray tracing software.
TABLE I
PARAMETERS FOR RAY TRACING SIMULATIONS.
Parameter Parameter value
Center frequency 28 GHz
Antenna radiation pattern (azimuth) Omnidirectional
Antenna polarization Vertical
Height of TX, hT 2 m
Height of RX (on UAV), hR 50 m
Length of UAV trajectory 100 m
Distance of TX to start of trajectory 243 m
Horizontal distance of trajectory from
scatterers
145 m
Dimension of scatterers 40 m×40 m× 40 m
Distance among scatterers 110 m
Permittivity of ground 3.5
Permittivity of scatterer structure 5.31
eter in a path bin is used to forecast it during the blockage.
Our approach for forecasting the channel parameters is given
in Algorithm 2, where the individual channel parameters in a
path bin form a time series. An nth order AR model is fitted to
individual channel parameters. The time series system model
using autoregression is represented as SAR in Algorithm 2.
The forecasting over K(fc) future steps is performed using a
system model and past channel parameter data.
III. SIMULATION SCENARIO AND RESULTS
The simulations are carried out using the Wireless InSite ray
tracing software. The simulation scenario is shown in Fig. 3,
and the simulation parameters for the ray tracing setup are
shown in Table I. Fig. 4 shows the received power of the
MPCs along the RX positions. The MPCs are positioned based
on descending received power at respective RX positions.
For example, in the start of Fig. 4 at RX position 1, there
are five MPCs. The LOS and GRC (with larger received
power compared to other MPCs) occupy the first and second
positions, respectively, followed by the other MPCs. However,
from Fig. 4, no clear pattern of received power of the MPCs
over the RX positions can be observed, except for the LOS
path. Also, we cannot differentiate the birth, and death of the
MPCs along the RX positions.
A. MPC Identification and Channel Gain Prediction
After using Algorithm 1, the selected MPCs (or states from
Fig. 2) are placed in respective path bins. The arrangement
of the MPCs in path bins at RX positions is shown in
Fig. 5. Compared to Fig. 4, the MPCs in Fig. 5 are placed
in individual path bins based on the similarity of the channel
parameters. Moreover, the number of path bins is controlled
by the similarity criteria set by  in Algorithm 1. Fig. 6
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Fig. 4. Power of received MPCs along the UAV trajectory without applying
Algorithm 1. The MPCs are positioned based on descending received power.
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Fig. 5. Position of the MPCs in individual path bins, sequenced using
Algorithm 1. For example, the LOS path is shown in path bin 1.
shows the received power of the MPCs in path bins after
using Algorithm 1. A clear trend of the received power of
the MPCs is observed in Fig. 6, as opposed to the results in
Fig. 4. This trend is used for forecasting the received power
during the blockage. We can also observe the birth and death
of the MPCs in Fig. 6. In addition, the trend of the received
power of MPCs in Fig. 6 is used to predict the death of the
MPCs in Section III-B. The trend of the other five channel
parameters can be shown in a similar way.
A blockage is now considered at RX position 75. All the
paths from RX position 75 onwards are removed. The channel
parameters of the MPCs in path bins after RX position 75 are
forecasted using Algorithm 2. A Matlab based fourth-order
AR model and forecast function is used for Algorithm 2. The
forecasted power of the MPCs in path bins is shown in Fig. 7.
Comparing Fig. 7 and Fig. 6, we observe that the forecasted
and actual values are close. The actual and forecasted received
power of MPCs are compared using the root mean square
error (RMSE). The maximum value of the RMSE is −119 dB
that indicates a close match. The other channel parameters are
also forecasted during blockage in a similar way.
B. Prediction of Death of MPCs
From Fig. 6, we can observe the birth and death of the MPCs
and corresponding path bins. We can also predict the death of a
path bin (containing a resolvable MPC sequence) using Fig. 2.
Let us take the LOS as the reference and denote the number
0 20 40 60 80 100
RX positions
-180
-160
-140
-120
-100
Po
w
er
 (d
Bm
)
Path bin 1
Path bin 2
Path bin 3
Path bin 4
Path bin 5
Path bin 6
Path bin 7
Path bin 8
From GRC
From LOS
From scatterer 1
From scatterer 1
From scatterer 2
From scatterer 3
From scatterer 2
Fig. 6. Received power of MPCs sequenced in individual path bins using
Algorithm 1. The LOS and source of the MPCs in path bins are also provided.
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Fig. 7. Forecasting received power of MPCs in path bins during the blockage.
of RX positions where the lth path bin (from Algorithm 1)
is not empty as Nl. Then, the average distance between the
channel parameters of the lth path bin and the LOS over Nl
RX positions is represented as dl =
∑Nl+j
i=j
d(i,l,i,1)
Nl
, using
(5). The distance dl can be used to predict the death of the
lth path bin along the RX positions, where l = 2, 3, ..., 8,
for the seven path bins, excluding the LOS. The greater
the distance dl, the greater the likelihood of the death of
the lth path bin. For the seven path bins in Fig. 5, dl =
[0.68, 5.07, 4.29, 4.45, 3.85, 4.01, 4.18]. If a distance threshold
of 4.20 is used, then path bins 3, 4, and 5 with average
distances greater than the threshold are predicted to die. This
can also be observed in Fig. 6, where the received power
of path bins is shown. A general observation can be drawn
that the farther the channel parameters of a path bin from the
channel parameters of the LOS over the RX positions, the
greater the likelihood that the path bin will die.
IV. CONCLUDING REMARKS
In this work, we have introduced a novel channel prediction
method during GA link blockages. This method uses a ED
based algorithm for arranging the MPCs into path bins. The
arrangement places the MPCs with similar channel character-
istics in individual path bins. The channel parameters of the
MPCs in path bins are then forecasted during a link blockage
with high accuracy. A distance-based prediction for the death
of a MPC sequence is also provided.
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